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Abstract 
Drilling of glass fiber reinforced polymer (GFRP) composite material is substantially complicated from the metallic materials 
due to its high structural stiffness (of the composite) and low thermal conductivity of plastics. During drilling of GFRP 
composites, problems generally arise like fiber pull out, delamination, stress concentration, swelling, burr, splintering and 
micro cracking etc. which reduces overall machining performance. Now-a-days hybrid approaches have been received 
remarkable attention in order to model machining process behavior and to optimize machining performance towards 
subsequent improvement of both quality and productivity, simultaneously. In the present research, spindle speed, feed rate, 
plate thickness and drill bit diameter have been considered as input parameters; and the machining yield characteristics have 
been considered in terms of thrust and surface roughness (output responses) of the drilled composite product. The study 
illustrates the applicability of genetic programming with the help of GPTIPS as well as Adaptive Neuro Fuzzy Inference 
System (ANFIS) towards generating prediction models for better understanding of the process behavior and for improving 
process performances in drilling of GFRP composites. 
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1. Introduction 
Composite materials are becoming increasingly important in a variety of industrial applications. The need to 
save energy is fuelling the increase of composites in aerospace sector, and in the automotive sector. Composites 
are also required in sectors dealing with corrosion and construction, as they are strong, resistant to damage and 
easy to install. Out of several composites, fiber reinforced polymer (FRP) composites gained a quite attraction 
because of their unique properties like light weight and strength-to-weight ratio. With increase in demand of 
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GFRP composites, it has become essential to study machining as well as machinability aspects of these 
composites.Drilling is considered as the most important and frequently practiced machining operation for 
components used in FRP composite structures because of high degree of intricacy in structures required for 
making holes for facilitating the process of assembly. Due to structural stiffness of the composite and low thermal 
conductivity of plastics; drilling of GFRP composites has become relatively difficult as tool come across matrix 
and reinforcement alternatively which results in destruction of fiber continuity which leads to delamination of the 
hole at entry and at exit.Therefore, appropriate selection of process variable has been one of the most difficult and 
challenging tasks whilst composite drilling, because of many realistic substitutes and contradictory objective. 
Asilturk (2011) proposed a method for modeling an adaptive neuro-fuzzy inference system (ANFIS) based on 
vibration for predicting surface roughness in the CNC turning of AISI 1040 steel. The input parameters of the 
model were insert nose radius, cutting speed, feed rate, depth of cut and vibration amplitude, which predicted 
surface roughness and obtained prediction accuracy of model, was 97.52%. Bisht and Jangid (2011) attempted to 
develop the best model for forecasting river discharge with help of adaptive neuro- fuzzy inference system 
(ANFIS) and linear multiple regression (MLR) methods. The developed model was validated on the data of 
Godavari River and it was observed that the developed ANFIS models predicted better results than MLR. Cus et 
al. (2009) presented a hybrid multi-objective optimization technique, based on ant colony optimization algorithm 
(ACO), to optimize the machining parameters in turning processes. The study comprised objective function based 
on maximum profit in order to optimize three contradictory parameters such as production cost, operation time 
and cutting quality. The results of this method were compared with GA, SA and PSO. Garg et al. (2012) proposed 
an empirical model for fused deposition modeling (FDM) process to resolve issue of ensuring trustworthiness by 
using hybrid M5-genetic programming (M5-GP) which was based on the error compensation achieved using a 
GP model in parallel with a M5-GP model. The study also compared the results with support vector regression 
(SVR) and adaptive neuro fuzzy inference system (ANFIS) for validation of proposed model.Gill and Singh 
(2010) utilized ANFIS to model and simulate the material removal rate in stationary ultrasonic drilling of 
sillimanite ceramic. In this study, depth of penetration, time for penetration and penetration rate were taken as 
model’s input features to predict the material removal rate. Jarrah et al. (2002) utilized Neuro-Fuzzy system to 
develop a model for fatigue life prediction of unidirectional glass fiber/epoxy composite laminates. The 
experiment included input variables such as maximum stress, fiber orientation, and stress ratio; while the output 
variable was the number of cycles to failure. Langella et al. (2005) developed a mechanistic model which focused 
on effect of drill geometry and cutting parameters for predicating thrust force and torque during composite 
material drilling. Mandel et al. (2007) adopted artificial neural network (ANN) with back propagation as learning 
algorithm to predict model for roughness, material removal rate (MRR), and tool wear rate (TWR) of EDM 
process variables. The model performed faster and provided more accurate result for predicting MRR.  Panda and 
Bhoi (2005) developed artificial feedforward neural network (NN) model based on Levenberg-Marquardt back 
propagation technique and logistic sigmoidactivation function to predict material removal rate (MRR) of D2 
grads steel.Related literature on composite drilling highlights that process parameters are mainly responsible for 
influencing overall machining performance through the developed cutting forces, surface finish and tool life; 
therefore, it becomes vital for optimizing the machining parameters. Mathematical models need to be established 
to represent process responses as a function of process parameters.Hence the present study involves the 
applicability of genetic programming and ANFIS to predict a model for improving the drilling performance 
characteristics. 
2. Experimental Part 
In this research, CNC drilling machine [MAXMILL 3 axis CNC machine with FANUC Oi Mate MC 
Contoller, Model No. CNC 2000EG] has been used to carry out drilling operation to investigate the effect of 
process parameters for prediction of performance characteristics. Table 1 represents the domain of experiment. 
Samples of GFRP epoxy composites of varying plate thickness have been used as shown in Fig. 1. TiAlN coated 
solid Carbide drill bit [Manufacturer: WIDIA-Hanita, Product: M1308000RT] of varying diameter of 8 mm, and 
10 mm has been used for the said drilling operations (Fig. 2). 
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Table 1: Domain of Experiments 
Factors unit Level 1 Level 2 Level 3 Level 4 
Spindle Speed RPM 800 1200 1600 2000 
Feed rate mm/min 100 150 200 250 
Plate Thickness mm 5 6 7 8 
Drill diameter mm 8 10 - - 
 
 
Fig.1: Samples of GFRP epoxy composites after machining 
 
Fig.2:Drill bit 
Design of experiment may be defined as a setup of experiments which consists of all the experimental 
information where variations are also present, whether under the full control of experimenter or not. This paper 
uses Taguchi method, which is very effective method to deal with responses influenced by number of variables as 
it reduces the number of experiments which results in both time and cost saving. In this present study, a mixed 
level Taguchi L18 (Table 2) has been chosen for conduction of experiment including four drilling parameters such 
as spindle speed, feed rate, plate thickness (of GFRP specimen)  and drill diameter have been selected to assess 
their effect on machining characteristics. 
Table 2: Design of Experiment 
Sl. No. Spindle Speed (RPM) Feed Rate 
(mm/min) 
Plate Thickness 
(mm) 
Drill Diameter 
(mm) 
1 800 100 5 8 
2 800 150 6 8 
3 800 200 7 10 
4 800 250 8 10 
5 1200 100 6 10 
6 1200 150 5 10 
7 1200 200 8 8 
8 1200 250 7 8 
9 1600 100 7 8 
10 1600 150 8 8 
11 1600 200 5 10 
12 1600 250 6 10 
13 2000 100 8 10 
14 2000 150 7 10 
15 2000 200 6 8 
16 2000 250 5 8 
 
The assessment of the performance evaluation characteristics viz. thrust force and surface roughness has been 
carried out during the drilling of GFRP composites. Thrust force has been evaluated by using Digital Drilling 
Tool Dynamometer [Make: Medilab Enterprises, Chandigarh, INDIA] as it is responsible for delamination during 
the operation. Surface roughness is a widely used index of product quality and in most cases a technical 
requirement for mechanical products.Roughness average (Ra) is the arithmetic average of the absolute values of 
the roughness profile ordinates. Here, surface roughness tester SJ-210 (Make: Mitutoyo) has been used for 
assessing roughness based on carrier modulating principle. Table 3 represents the calculated output machining 
responses after experimentation. 
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Table 3: Experimental Results 
Sl. No. Thrust Force (N) Ra (μm) 
1 0.99081 5.098 
2 1.14777 5.036 
3 1.15758 8.901667 
4 1.51074 11.30967 
5 0.81423 5.453 
6 0.84366 4.816667 
7 1.40283 3.272667 
8 1.57941 4.471 
9 0.74556 6.282333 
10 0.93195 7.266333 
11 0.96138 8.732333 
12 0.86328 5.244333 
13 0.42183 10.56633 
14 0.48069 8.170667 
15 0.87309 4.725 
16 1.03986 6.964667 
 
3. Genetic Programming (GP) 
 
GP has been inspired by the biological model of evolution and natural selection; applied to solve many real world 
problems based on the principle of Genetic algorithm (GA) which utilizes Darwin’s theory of ‘survival of the 
fittest’. The main aim of GP is to evolve an optimum program (model) that fits to a given system based on a user 
defined fitness function by incorporating genetic operators. A most common application of GP is to evaluate the 
mathematical expression for a given set of function values and variables. The procedure of the GP works as 
follows: 
3.1. Generation of initial population 
Genetic programming typically starts with randomly generated initial population of individuals (computer 
programs or models) composed of functions and terminals appropriate to the problem. The functions can be 
presented by standard arithmetic operators (൅ǡെǡൈǡൊሻ, non-linear functions (sin, cos, tan), or Boolean operators. 
The terminals include the input process parameters of the process to be studied. Thus, the system provides three 
control models, namely, grow, full and ramped half-and-half, methods of initial population generation. After 
generation of population, each individual is evaluated against a function (fitness function).The fitness function 
determines how well a program is able to solve the problem. The fitness function is formulated as the difference 
between the target value and the value predicted by an individual. 
 
3.2. Genetic operation for forming new generation 
It is not sure that the perfect solution to the problem will be seen in the first, randomly generated population. 
Therefore the population generated at the initial stage is gradually improved by using three genetic operators, 
crossover, mutation and reproduction. The reproduction operation produces children for the following generation 
by duplicating a fraction of the parents in the current generation. Two individuals are selected as parents based on 
their fitness value and reproduced (copied) for the next generation. The crossover operation creates new offspring 
program(s) by recombining randomly chosen parts from two selected programs (parents). Normally, subtree 
crossover and node crossover are used out of which the subtree crossover has been proven to be more useful than 
node crossover, so it is used in this study. 
 
3.3. Termination of algorithm 
This iterative process of measuring fitness and performing the genetic operations is repeated over many 
generations until a termination criterion is met. The termination criterion can be either a pre-specified number of 
generations or runs or threshold accuracy of the model (individual). The number of runs required for a 
satisfactory solution is highly dependent on the complexity of the problem. After the termination criterion is 
reached, the single best program in the population produced during the run (the best-so-far individual) is 
designated as the result of the run. 
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3.4. Implementation of Genetic Programming 
In the current study a software tool GPTIPS (Searson, 2010) has been implemented to perform multi gene genetic 
programming (MGGP) for the prediction of thrust force and surface roughness. The parameter settings set based 
on trial-and-error approach is shown in Table 4. 
 
Table 4: Parameter settings for GP 
Parameters Values assigned 
Runs 30 
Population size 300 
Number of generations 100 
Tournament size 2 
Max depth of tree 6 
Max genes 7 
Functional set (multiply, plus,minus, tan, tanh, sin, cos, exp,squre) 
Terminal set (x1, x2, x3, x4, x5, [-10 10]) 
Crossover probability rate 0.85 
Mutation probability rate 0.05 
 
 
4. Adaptive Neuro Fuzzy Inference System (ANFIS) 
 
Adaptive neuro fuzzy inference system (ANFIS) is modified form of neural network that is based on Takagi–
Sugeno fuzzy inference system which maps inputs through input membership functions and associated 
parameters, and then through output membership functions and associated parameters to outputs. ANFIS uses 
either back propagation or a combination of least squares estimation and back propagation for membership 
function parameter estimation. It includes the training, testing and checking of data sets for model validation. 
Model validation is the process by which the input vectors from input/output data sets on which the FIS was not 
trained, are presented to the trained FIS model, to see how well the FIS model predicts the corresponding data set 
output values. 
Fig.3:ANFIS architecture 
 
Layer 1:It is the fuzzification layer in which every node I in the layer1 is an adaptive node. The outputs of layer 1 are the fuzzy membership 
grade of the inputs, which are given by: 
2,1),(1   iforxO Aii P 4,3),(21    iforyO Bii P  
Where x and y is the inputs to node i , where A is a linguistic label (small, large) and where )(xAiP , )(2 yBiP can adopt any fuzzy 
membership function. Usually )(xAiP  to be selected as bell-shaped with maximum equal to 1 and minimum equal to 0. 
Layer 2: It is the rule layer having a fixed node labelled M whose output is the product of all the incoming signals, outputs of this layer can 
be presented as: 2,1)()(2    iyxwO BiAiii PP  
Layer 3: It is the normalization layer is also fixed node is a circle node labelled N. 2,1
21
3    iww
wwO iii  
Layer 4: It is the defuzzification layer an adaptive node with a node where output of each node in this layer is simply the product of the 
normalized firing strength and a first order polynomial. 2,1)(4    iryqxpwfwO iiiiiii  
Layer 5: Summation neuron is a fixed node which computes the overall output as the summation of all incoming signals. 
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5. Model Evaluation and Comparison 
The results obtained from the prediction modelling methods ANFIS and GP have been compared. The best prediction method that 
gives highest accuracy has been determined by calculating relative percentage error between the predicted values of these methods and the 
experimental values. The relative error is given by: 
i
ii
Y
YM
Errorlative
 (%)Re Here iM is the value predicted by a model, iY is the actual value of the output. 
The results obtained from the predicted values by using ANFIS and GP models on training and testing data for thrust force is shown in Fig.4 
(a) and Fig.4 (b). In Fig.5 (a) and (b) and Fig.6 (a) and (b) relative error (%) values from the two predicting model for thrust force and surface 
roughness are compared. It has been illustrated from the figures that ANFIS model has performed better than GP model for the prediction of 
thrust force and surface roughness. 
 
 
Fig.4 (a): Deviation of Thrust force fitted value from the actual value and (b). Deviation of Surface roughness fitted value from the actual 
value 
 
 
Fig. 5 (a) and (b): Comparison of relative percentage error for measuring thrust force value on training data and testing data 
 
 
Fig. 6 (a) and (b):Comparison of relative percentage error for measuring surface roughness value on training data and testing data 
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Conclusion 
This study was carried out to develop predictive models to calculate thrust force and surface roughness of 
drilling process using GRNN and ANFIS. The study not only presents two models for the same set of data but 
also compares the performance of the two. This study clearly establishes that ANFIS has outperformed GP. Thus, 
it can be concluded that, the ANFIS method is best soft computing method, and can be used by experts to predict 
the load which could appreciably save the time for running additional set of experiments. The future work 
involves introduction of several machine learning techniques to study drilling process effectively. 
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